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SUMMARY
Drought is one of the costliest natural hazards and the main factor of concern 
impacting crop growth in the arid Hexi Corridor in Northwest China. However, the 
inter-relationship between meteorological drought severity and crop yield is seldom 
studied across this region. In this study, two multi-scalar drought indices: the 
Standardized Precipitation Index (SPI) and the Standardized 
Precipitation-Evapotranspiration Index (SPEI) are employed to monitor the evolution 
of drought condition in the Hexi Corridor. We examined (a) the historical drought 
evolution of the Hexi Corridor since 1970s; (b) the possible future drought tendency 
under different RCP scenarios; and (c) the multi-scale correlation between climatic 
crop yield and drought indices. The results indicate that the studied area experienced a 
trend towards warmer and wetter conditions during the last 4 decades and this trend 
last until the middle 2030s indicated by SPEI. The feasibility of SPEI and SPI for 
quantifying drought condition and evaluating production loss was tested in the arid 
and semi-arid regions of northwest of China and SPEI was found more reliable. 
Correlation analysis between climatic yield and drought indices revealed that the 
2drought condition of the month July detected by 3-month SPEI was the most relevant 
for the observed changes in climate yield in the Hexi Corridor. By obtaining the 
critical point of each SPEI-climatic yield curve, we found the different levels of yield 
vulnerability for the four selected districts, according to which we are able to gain an 
early prediction of the crop production crisis corresponding to the future drought 
events.
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1. Introduction
Drought is an important kind of extreme events that severely damages the 
agriculture, ecology, water resources and human lives around the world, being one of 
the costliest and most widespread natural hazards (Wilhite and Glantz, 1985; Dai, 
2011; Niu et al., 2015). Under the changing environment, water scarcity, which is 
being further compounded by droughts, is posing increasingly larger threats to the 
carbon cycle and food production (Sivakumar, 2011; Lesk et al., 2016). Thus, 
understanding the mechanism and modelling of droughts has drawn much attention 
from ecologists, meteorologists and agricultural scientists (Mishra and Singh, 2011; 
Niu and Chen, 2014; Niu et al., 2017).
Drought is apparent after a long-period lack of rainfall in a region, but the onset, 
duration and end of it is difficult to determine. An effective way to monitor drought 
condition is by utilizing drought indices. Many indices have been developed to 
monitor, predict and assess the severity of drought, such as the Palmer Drought Index 
3(PDSI), which is a landmark in the history of drought indices. The PDSI incorporates 
antecedent precipitation, moisture supply, and moisture demand into a hydrologic 
accounting system (Palmer, 1965; Richard and Heim, 2002). Multi-scalar indices have 
been developed to improve the existing ones such as the Standard Precipitation Index 
(SPI; Mckee et al., 1993) and the Standard Precipitation Evapotranspiration Index 
(SPEI; Vicente-Serrano et al., 2010), making the monitoring of drought more 
comparable both temporally and spatially. The calculation procedure of the SPI and 
SPEI is relatively simple compared to the existing drought indices and it has the 
advantage of flexible time scales, making it widely employed in droughts-related 
studies. The most important difference of the two indices is that SPEI is calculated 
using precipitation and PET (potential evapotranspiration), in other words, it 
considers a simple water balance in a specific area, which is particularly suited to 
detect the consequences of global warming on drought conditions (Vincente-Serrano 
et al., 2010).  
Crop yield loss is one of the most devastating consequences of droughts on the 
water-carbon cycle . Increasing frequency of dry, hot episodes can lead to reduced 
yields and greater yield variability for crops, thus resulting in higher costs for farmers 
(Potop et al, 2010). Food security is becoming a hot spot in China due to the extensive 
attention to climate change. As a country with a large agriculture land, China is prone 
to costly drought impacts, e.g., the average area that affected by drought is up to 
20,900 km2 year-1 and the direct economic losses are up to 32 billion Chinese yuan 
year-1 over the period 1949–2013 (Zhai et al., 2014; Qin et al., 2015). Drought indices 
4have been reported to be widely used in the explanations of crop yield losses (Kola et 
al., 2014; Arshad et al., 2013; Peña-Gallardo et al., 2019) and it is proved that 
multi-scalar drought indices have better performance than other drought indices in 
identifying the impacts of drought on crop yields (Vicente-Serrano et al., 2012; Wang 
et al., 2016a, b). As it is difficult to get accurate long-term crop yield data, model 
simulated data and satellite based data are also utilized in the relevant studies 
(Boogaard et al., 2014). Liu et al (2015) studied the relation between PDSI and crop 
yield simulated by EPIC model in an agricultural region in Northwest China and 
found that droughts in April, July and September are more responsible for yield loss 
of spring and winter wheat. In recent years, statistical methods have been applied 
feasibly by arrange of researches (Lobell et al., 2011; Tack et al., 2015; Schauberger 
et al., 2017) for the flexibility and easy access. 
Previous studies have investigated how drought impact on crop growth and found 
that drought in the earlier growing period has larger influences on crop yields. 
Mkhabela et al (2010) found that drought indices based on water demand are more 
corelated to yield and quality of Canadian prairie spring wheat than other kinds of 
indices and drought indices accumulated from planting to anthesis were superior to 
those accumulated from anthesis to maturity. Prabnakorn et al (2018) used SPEI to 
study the relation between drought and rice yield in the Mun River basin and found 
that the 1-month SPEI has stronger correlation with rice yield than other timescales 
and rainfall. The Hexi Corridor, located in the typical arid region of northwestern 
China, is an important crop production base and is very sensitive to climate change 
5(Niu et al., 2017). However, few studies have investigated the impact of drought on 
crop yield in this area. Thus, it is of great importance to investigate the current and 
future drought condition and study the inter-relationship between drought indices and 
food production in this area. 
The objectives of this study are to: (1) analyze the temporal and spatial evolution of 
historical droughts over the period 1970–2015; (2) project future drought condition by 
calculating the drought indices (SPEI and SPI) form the year 2017 to 2050; and (3) 
investigate the relationship between drought indices and crop production and propose 
adaptive strategies according to the projection results.
2. Study area
The Hexi Corridor lies in the typical arid region in the northwest of China between 
longitudes 92°12’ and 104°20’E and latitudes 37°17’N and 42°48’N spanning over 
1000 km from east to west, with a total area of 270, 000 km2. The three main rivers of 
the Hexi Corridor, from west to east, are the Shule River, Heihe River and Shiyang 
River, originating from the Qilian Mountain. This region is one of the most important 
commodity grain bases in northwestern China due to its abundant land, light and heat 
resources (Fu et al., 2018) and shows typical features of arid zones, with annual mean 
precipitation of 50–150 mm and annual mean pan evaporation of 1500–2500 mm (Li 
et al., 2016). More than 60% of the crop planting area is occupied by cereal crops in 
the high-production counties such like Yongchang, Wuwei, etc. The main cereal crop 
types in the Hexi Corridor are spring wheat and spring corn, of which the growing 
season is during April to September. With the shortage of rainfall, water resources 
6scarcity is the limiting factor for regional prosperity and economic development in the 
Hexi Corridor.
3. Data and methods
3.1 Climatic data
Meteorological data, containing the historically observed daily precipitation, mean 
temperature, relative air humidity, were obtained from the China Meteorological 
Administration for 13 gauging stations within the Hexi Corridor over the period of 
1970–2015. The monthly Bias Correction Spatial Disaggregation (BCSD) data from 
the Coupled Model Intercomparison Project Phase 5 (CMIP5) are utilized for the 
simulated historical and projected future data. The GCMs are downscaled by mainly 
two steps: (1) bias correction using a quantile mapping technique on a monthly and 
location-specific basis after regridded to a targeted resolution; (2) spatially translation 
of the biased GCMs to the targeted resolution(Wood et al., 2004). Four sets of GCMs 
(see Table 1) are chosen from the previously validated datasets that are suitable to 
simulate future precipitation and temperature variations in the Hexi Corridor (Zhang 
et al., 2015). However, the monthly projections of GCMs contain considerable 
uncertainties, especially for precipitation (Fu et al., 2013). Thus, the Linear Scaling 
(LS) method is employed for bias correction of both the precipitation and temperature 
outputs of the downscaled GCMs as follows:
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where Pcor,m and Tcor,m are corrected precipitation and temperature of the mth month, 
7and Praw,m and Traw,m are the raw precipitation and temperature of the mth month. μ
represents the mean value of precipitation and temperature of the given month m 
during the period 1970–2015.
3.2 Crop yield data
The original crop yield data of the period 1981–2012 were obtained from the China 
Economic and Social Development Statistical Database 
(http://tongji.cnki.net/kns55/index.aspx), Gansu Water Statistical Yearbook, collected 
by department of water management and agriculture. In statistical studies on the 
relationship between long-term crop yields and climatic factors, it is particularly 
important to separate trend yield and obtain accurate climatic yield. This is also vital 
to our study because the drought indices we utilized are calculated based on 
meteorological factors. The actual crop production is separated into three components 
(Niu et al., 2018; Fang et al, 2011) trend yield, climatic yield and the random error. 
The trend yield is the long-period output component that reflects the development 
level of productive forces in the historical period. Climatic yield is the component of 
the fluctuating part that is influenced by the short-term changing factors (mainly 
agricultural and meteorological disasters) dominated by climate variables. Trend yield 
is obtained by 5-yr moving average of the annual crop yield and climatic yield is 
calculated as the difference between actual yield and trend yield (random error is 
neglected).
3.3 Calculation of drought indices
The drought extent is described by drought indices in this study. We employ the 
8standardized precipitation evapotranspiration index (SPEI). Meanwhile, to assess the 
role that global warming plays in the drought evolution in the study area, the 
standardized precipitation index (SPI) is also calculated for comparison.
The calculation procedures of SPEI are as follows: (1) Potential evapotranspiration 
calculation (Thornthwaite, 1948):
                         (3)
1016 ( )mTPET K
I

where T is the monthly mean temperature; I is a heat index calculated by 
and m is a coefficient depending on I:1.51412( )
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coefficient calculated as a function of the latitude and month. (2) A simple measure of 
water surplus for the analyzed month:
                          (4)j j jD P PET 
The calculated Dj values are aggregated at different time scales. The difference ,
k
i jD
in a given month j and year i depends on the chosen time scale k. For example, the 
accumulated difference for one month in a particular year i with a 12-month time 
scale is calculated using:
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where Di,l is the P-PET difference in the first month of the year i. (3) Normalize the 
water balance to obtain the SPEI index series: A three-parameter log-logistic 
9distribution is used, with the probability density function expressed as:
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where , , and are scale, shape, and origin parameters, respectively, for D values   
in the range . ( )D 
The probability distribution function of the D series is given by:





with F(x) the SPEI can easily be obtained as the standardized values of F(x):
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where  and P is the probability of exceeding a 2ln( )    for   0.5W P p  
determined D value, . If P > 0.5, then P is replaced by and the sign 1 ( )P F x  1 P
of the resultant SPEI is reversed. The constants are C0 = 2.515517, C1 = 0.802853, C2 
= 0.010328, d1 = 1.432788, d2 = 0.189269, and d3 = 0.001308. 
The process of SPI calculation can be summarized into the following steps: (1) 
Choose the aggregation temporal scale, denoted by k and the monthly precipitation is 
aggregated to the time scale k with the same procedure as Dj in SPEI. (2) A gamma 
probability density function (PDF) is performed separately for each month. The PDF 
g(x) and the cumulative distribution function G(x) are listed below:
                (10)1 /1( ) ,    for 0
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a xg x x e x 
  
               (11)1 /
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where ,  are shape and scale parameters estimated by the maximum likelihood  
method and x is the cumulative precipitation amount in Eq. (10). Since precipitation 
is not continuous over time, Eq. (13) is utilized where q is the probability of zero. (3) 
Following the approximate conversion provided by Abramowitz and Stegun (1965), 
SPI is obtained by: 
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with = 2.515517,  = 0.802853, = 0.010328, = 1.432788, = 0.189269, 0c 1c 2c 1d 2d
and = 0.001308. 3d
As for the calculation of potential evapotranspiration (PET), most of the studies 
utilized the Thornthwaite (PET_th) or the Penman-Monteith (PET_pm) methods 
(Thornthwaite, 1948; Burke et al., 2006; Shuttleworth, 1992). We adopt the 
Thornthwaite method, considering that the GCMs only provide precipitation and 
temperature information and we want to make the PET results consistent and 
comparable in both historical and future time horizons. In addition, previous studies 
(e.g., Ke and Wang, 2013) have shown that the differences of PET_th and PET_pm 
are small in northwestern China and the trends of the regional averaged PET_th and 
PET_pm are similar in the past decades. Trend analysis of climatic factors and 
drought indices utilizes the Mann-Kendall method (Mann, 1945; Kendall, 1975).
3.4 Correlation between climatic yield and drought index
Correlation analysis is commonly used when revealing the relationship between 
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two variables (Ichii et al., 2002). Correlation between drought indices and 
decomposed crop yields are assessed using the Pearson correlation coefficient, which 
is calculated as follows:
                       (15), 2 2
(X )(Y )









where X and Y are the time series of two variables,  and  are the mean values X Y
of the two series. The correlation coefficient  ranges from –1 to +1, with –1 ,X Yr
indicating that the two variables are perfectly negatively correlated and +1 indicating 
a perfect positive correlation. In this study, the correlation was computed between the 
time series of crop yield and 1, 3, 12-month drought indices (SPI and SPEI).
4. Results and discussion
4.1 Changes of meteorological factors and drought severity in recent decades
Annual rainfall in the Hexi Corridor is about 130 mm, which is far below the 
average situation of other agricultural regions in China, especially the eastern and 
southern parts of China. The average rainfall during the period of 1970–2005 is 122 
mm year-1, but the value has risen to 142 mm year-1 during 2006–2015, which 
indicates that the annual precipitation has increased by about 16% in the last decade. 
An turning point can be observed around the year 2000 (Fig. 2(b)) that moving 
average value of mean temperature exceeded the average of the year 1970–2015. The 
average of Tmean in the Hexi Corridor is 7.2℃  before 2000 and 8.4℃  after 2000, 
which increased by 1.2℃ during the study period. 
It is considered that the wetness/dryness trend is mainly determined by the water 
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balance in a region. The anomaly of temperature results in the consistent increase of 
potential evapotranspiration (PET): a significant shift around year 1997 and stays at a 
high level in the recent two decades. The relative air humidity has been fluctuating 
between 44%–51% during the period 1970–2010 and shows a significant drop from 
year 2010, among which the value is below 41% in 2013. This may become an 
indicator of the drought situation in the recent years in the Hexi Corridor.
Figure 3 shows the temporal evolutions of regional averaged SPEI and SPI with 
different time scales (1, 3, and 12-month). Shorter time scale drought indices can 
detect more drought events for that taking consider into only the current month 
(1-month scale) and the previous 2 months (3-month scale), their responses to the 
change of climatic variables are more instant. But to investigate the long-term 
changing pattern of drought condition, a longer time scale is more appropriate and 
have a more intuitive presentation of the trend. In the early stage of the 12-month 
drought evolution (see Fig. 3(c)), drought condition indicated by SPI is severer than 
that of SPEI, which is because precipitation anomaly is more significant than that of 
temperature over that period. In the middle stage, the variations of the two indices are 
almost consistent. However, continuous drought in the recent years is displayed by 
SPEI as a result of the significant increase of temperature while SPI exhibits an 
improved situation of drought events because of the positive precipitation anomaly. 
Given that the variation of PET is larger than that of the rainfall over the study period, 
we consider that in the arid regions like the Hexi Corridor where evaporation is large, 
SPEI is more appropriate than SPI to characterize drought features.
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Spatial distribution of trends for SPEI and SPI over the historical stage is shown in 
Figure 4. The southeast of the corridor, which is occupied by some important crop 
production districts such as Minqin, Yongchang and Wuwei counties, shows upward 
trends both indicated by SPI and SPEI during the period of 1970–2015 (Fig 4), which 
may be conductive to crop growth in these districts. A large proportion of the region 
shows significant wet trend showed by the two indices in the last decades, which is 
correspondent to the finding of some previous studies that also point out the 
significant trends toward wet conditions were mainly observed in the northwestern 
part of China (Shi et al., 2003; Tao et al., 2014; Zhai et al., 2014). The performances 
of SPEI and SPI are different in terms of describing drought condition spatially. The 
difference between the two indices is small in the relatively humid area of the study 
region (i.e., the southeast part), but in the northwest part, where the environment is 
more arid, SPEI and SPI show large difference or even the opposite result in the 
county Anxi. 
4.2 Response of crop production to meteorological droughts in the Hexi Corridor 
Correlation coefficients between climatic crop production and drought indices for 
the crop growing season are studied during the period 1985–2012 (Fig. 7). It is 
evident that correlation between SPEI and crop yields is higher than that of SPI for all 
the months during April to September, which reveals that drought caused by 
evaporation anomaly is the most possible reason for the loss of crop production in the 
Hexi Corridor. The changing patterns of correlation coefficients are unimodal curves 
with the correlation increasing first and then decreasing as time scale gets larger. It is 
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observed  from Figure 5, 3-month scale growing season SPEI is most related to crop 
growth, which indicates that crop growth is most influenced by seasonal drought 
condition and in addition, the correlation of SPEI value for the month July is highest 
among the 3-month SPEI (named as SPEI3-7 below). This is reasonable because the 
calculation of SPEI3-7 utilizes climatic variables in May, June and July when cereal 
crops are during the seedling, jointing and anthesis period, which is proved by field 
experiments that water deficit during these periods has the greatest impact on crop 
yield of corn in Northwestern China (Wang et al., 2019). Different from the study of 
correlation between rice yield and drought which finds that crop yield is most related 
to 1-month SPEI (Prabnakorn et al., 2018), rice grown in Thailand is rainfed while 
crops in the Hexi Corridor rely greatly on irrigation regime, situation of crop does not 
change immediately with climatic changes.
In order to apply this correlation to regional management, we also analyze the 
correlation between regional SPEI values with regional climatic yields (Fig 6). In the 
northwest part of the study area (county Subei, Dunhuang, etc), the correlation is low 
and even negative, which is due to the topography: those areas are mainly alpine or 
desert where crops are seldom planted, however, the SPEI value is station-based while 
the crop yield is officially recorded in a county level, so datasets are not matched 
enough to reflect the real relationship between drought and crop yield. The highly 
correlated areas are mainly distributed in the agricultural developed area in the east 
part of the corridor such like Yongchang, Shandan, Wuwei and Minqin (named as 
D1-D4 in Figure 6), etc. Though the county Anxi, Tianzhu and Yumen also show high 
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correlations between SPEI and climatic yield, they excluded in the analysis for that 
the crop planting area is too small compared to the total land area, and the topography 
is mountainous area and desert, making it incomparable with other places that are 
located in the oasis and plain. Thus, a preliminary conclusion can be drawn that 
extreme events significantly influence crop production in the Hexi Corridor.
The objective of the investigation of relationship between drought indices and 
climatic crop yield is to identify the pattern of yield change with drought condition 
variation caused by climatic change, which is also helpful to reveal the ecological 
vulnerability of cultivated lands in the high-crop-yield districts (i.e., D1-D4). The 
results of linear regression of the 3-month SPEI value for July (SPEI3-7) and climatic 
yield of different districts are shown in Figure 7. Climatic yield increases as the 
drought condition detected by SPEI3-7 gets wetter, which means that yield loss gets 
larger as drought becomes severer. The intersections of each regression line and the 
X-axis are the critical points (i.e. defined as SPEIc=-intercept/slope) indicating the 
impact of the climate-induced drought on annual crop yield, beyond which climate is 
beneficial to crop growth of the year. This critical point, SPEIc, represents the 
different extent of vulnerability of the studied district and the drought resistance 
ability of the cereal crops in that district. As the figure shows, SPEIc is different for 
different area. For example, climate will do harm to annual crop yield of the county 
Yongchang (D1) when SPEI reaches -0.77 while crop yield will be negatively 
affected after SPEI reaches around -1.35/-1.27 for Shandan and Minqin and -1.02 for 
the county Wuwei, indicating that crops in Shandan and Minqin have better drought 
16
resistance or the water management activities like irrigation is more effective there. 
The impact of drought do not perform equally through all growth stages and regions 
(Geng et al., 2016; Peña ‐ Gallardo et al., 2018), because it is proved that local 
climatology and water availability are also important in the responding pattern of crop 
yield to drought (Peña-Gallardo et al., 2019). Thus, though the changing patterns are 
similar among the four districts, SPEIc value is unequally distributed across the region 
as a result of different planting structure, crop types and water managing strategies.
4.3 Projections of climate change and drought indices in the future 
Possible changes of projected precipitation and mean temperature during the period 
2017–2050 by different GCMs are displayed in Figure 8. For precipitation, RCP4.5 
emission scenario in the RCP2.6 and RCP4.5 emission scenarios, slightly decreases 
were observed during year 2034–2050 compared to the period 2017–2033. But 
precipitation for RCP8.5 increased in the latter time period. Temperature for all the 
three emission scenarios show a significant increase in the period of 2034–2050. This 
can also be revealed by the evolution of drought indices for the future period (Figure 
9). Potential evapotranspiration shows the similar trend to the variation of temperature. 
In the former time period, the variation ranges of PET are between 2~12% for 
different RCP scenarios, and in the latter period, the trend expands to 12~23%, among 
which the RCP8.5 scenario shows the most significant increase.
A significant downward trend over the period 2030–2050 is illustrated by SPEI, 
indicating that temperature anomaly is significant and difference between the three 
emission scenarios is small, among which RCP2.6 demonstrates the most serious 
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drought condition during the period. The pattern of drought frequency change is also 
different between SPEI and SPI but consistent across RCPs. For SPEI, drought events 
will occur more frequently in the latter time stage as indicated by all the three 
emission scenarios and drought frequency change between the two future stages is 
largest for the RCP2.6 scenario. What can be seen by combining the two figures of 
SPEI is that climate change in the future will make drought more frequent, but less 
severe across the region. For SPI, there is a fluctuation around 0 over the study period 
by all the scenarios, but drought frequency decreases in the latter period of the two 
future stages. Fig. 10 shows the change of SPEI and SPI between 2017-2033 and 
2034-2050 in the Hexi Corridor. It is evident that values of SPEI decrease in all the 13 
sites, among which the differences are larger than -1 in 5 stations. But in contrast, the 
differences between the two future stages are all positive values for SPI, showing that 
the condition is wetter in the future decades. Overall, the two drought indices behave 
more differently when the temperature variation becomes larger both temporally and 
spatially, which can be attributed to the role of changes in PET. Thus, it can be 
concluded that as global warming becomes severer in the future, the role of 
evapotranspiration cannot be ignored anymore in the studies of drought monitoring 
for the region.
We can identify future drought events after obtaining the future drought 
evolution and the critical points (SPEIc value, the red dash lines in Figure 11), we can 
predict future drought events that have negative impact on crop yield for different 
emission scenarios after obtaining the SPEI value of different districts. Figure 11 
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shows the SPEI variation of the four districts selected for RCP2.6, RCP4.5 and 
RCP8.5. In general, SPEI calculated by RCP4.5 detects the smallest amount of 
drought events for the four districts compared to the other two scenarios. Overall, the 
studied districts are still exposed to high risk of crop production loss. Though the 
cereal crops in the Hexi Corridor are resistant to drought to some extent, adaptative 
and crop management measures need to be seriously planned especially in the period 
of 2040s–2050s to avoid food disasters in the future.
5. Conclusion
Historical and future trends of meteorological data from 13 weather stations and 4 
GCMs over the Hexi Corridor and the period 1970–2050 were investigated. A 
continuous increasing trend was detected in the variation of temperature, which is a 
vital signal for the potential warming effect and aggravated drought condition over the 
study region. As a result, drought illustrated by SPEI shows a significant downward 
trend. By analyzing the relationship between SPEI and the decomposed climatic yield, 
the critical points of the SPEI-production curves, which might be used to forecast 
future food disasters, can be identified for the important food producing areas. 
Different SPEI value for each critical point are reflections of the ecological 
vulnerabilities of different districts. And 2040s and 2050s are found to be most 
exposed to food disaster for D1-4 in the three future decades, which can perform as 
references for future water management for this region.
Drought indices have been widely used in drought monitoring worldwide due to its 
easy access and this study reveals the fact that drought index considering water 
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demand (evapotranspiration) has better performance in monitoring drought condition 
and higher correlation with crop growth in arid and semiarid regions like the Hexi 
Corridor, which is consistent with the findings of Mkhabela et al (2010). Thus, 
compared to SPI that focuses only on water supply (precipitation), SPEI is more 
appropriate to be utilized in analyzing the impact of drought on crop yield.
As indicated by the drought indices, though precipitation and temperature have 
both been increasing in the late 20th century and early 21st century over the Hexi 
Corridor, recorded as a trend toward warm and wet by some previous studies, the 
drought condition detected by SPEI is getting severer considering water balance in the 
area. There is still a high risk of severer drought conditions in the future and policies 
should be made to avoid big crop losses such like introducing more drought-tolerant 
varieties and further improving water use efficiency in the water scarce districts. 
However, there still exists various data-related and methodological challenges to be 
addressed for an accurate estimation of drought impacts on crop productivity (Siebert 
et al., 2017). Though errors exist in different steps of this study and it is necessary to 
perform some further analysis in the study of drought-production relations by 
employing more accurate datasets and more robust research methods, the information 
provided in this research is still valuable in guiding the agricultural management in 
arid and semiarid areas in China and is a good reference when taking adaptive 
measures in the face of climate change.
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Fig. 2 Time series of the annual mean of (a) precipitation, (b) air temperature, (c) potential 
evapotranspiration, and (d) air relative humidity. All bars above are averaged for the 13 weather 
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Fig. 3 Multi-scale (1-, 3-, and 12-month) evolutions of SPEI and SPI time series during the period 
1970-2015.
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Fig. 4 Mann-Kendall test results for 12-month SPEI (upper panel) and SPI (lower panel) time 
series for the period 1970–2015 in the Hexi corridor.
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Fig. 5 Multiscale-correlation between climatic yield and drought indices of different months in the 
growing season under different time scales (1-, 3-, and 12-month).
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Fig. 6 spatial distribution of correlation between climatic yield and SPEI3-7 (the 3-month SPEI 
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Fig. 7 Scatter plot for crop yield variability against the 12-month SPEI values. Blue lines represent 
linear regression of the two variables. D1-D4 are the four crop production districts in the Hexi 
































































2017-2033                       2034-2050
(c)
 Fig. 8 The variations of (a) precipitation; (b) mean temperature in the two future stages 
(2017-2033 and 2034-2050). The variation is the difference between each future stage and the 
historical period for every GCM. Each box plot illustrates the 25th, 50th, and 75th percentile values, 
and the vertical bars define the 10th and 90th percentile values. The red dash line represents no 
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Figure 9: 12-month SPEI and SPI evolution under different future emission scenarios (left panel) 
and drought frequency (proportion of years when drought indices are negative) changes between 
two future stages and observed values (baseline: 2000-2015). The drought indices are averaged 
among all the GCMs for the three emission scenarios.
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Fig. 10 spatial distribution of the change of drought indices of two future stages (2034-2050 minus 
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Fig. 11 Identification of future drought events that reduces crop yield for the four specified 
districts. The red dash line represents the critical point of SPEI (SPEIc), below which are 
years that climatic factors significantly decrease crop yield.
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Table 1 Climate models used in this study.
ID GCMs Modeling Group Country
1 GFDL-CM3 NOAA Geophysical Fluid Dynamics Laboratory USA
2 IPSL-CM5A-MR Institut Pierre-Simon Laplace France
3 MIROC5
Atmosphere and Ocean Research Institute 
(The University of Tokyo)
Japan
4 MRI-CGCM3 Meteorological Research Institute Japan
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Table 2 Correlation between crop yield and drought indices with different temporal 
scales.
Correlation SPI1 SPI3 SPI12 SPEI1 SPEI3 SPEI12
Dingxin -0.245 -0.316 -0.270 0.256 0.206 0.385 
Dunhuang -0.234 -0.265 0.373 0.373 0.414* 0.431 
Gaotai -0.042 0.006 -0.179 0.307 0.301 0.351 
Guazhou 0.143 0.139 0.195 0.557** 0.473* 0.584** 
Jiuquan 0.016 0.182 -0.100 0.204 0.278 0.276 
Mazongshan -0.244 0.275 -0.203 0.390 0.388 0.402* 
Minqin 0.419 0.420* 0.448 0.522** 0.517* 0.561** 
Shandan 0.275 0.400 0.345 0.236 0.319 0.248 
Wushaoling 0.367* 0.310 0.360 0.222 0.361 0.407* 
Wuwei 0.238 0.454* 0.489* -0.346 0.534* -0.555* 
Yongchang 0.369* 0.522** 0.441* 0.428* 0.528** 0.550** 
Yumenzhen 0.374 0.358 -0.369 0.428* 0.437** 0.388* 
Zhangye -0.368 -0.383 -0.368 0.525** 0.544** 0.447* 
Hexi Region -0.243 0.338 -0.296 0.351 0.399 0.420*
*indicates the correlation is significant at p<0.05 significance level
**indicates the correlation is significant at p<0.01 significance level
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Highlights:
 Drought evolutions in the Hexi Corridor for the last four decades were analyzed using SPI 
and SPEI
 The 12-month SPEI was the most relevant for the observed changes in climate yield 
 The critical point of each SPEI-climatic yield curve was found for  the four selected 
districts
 The crisis of the crop production corresponding to the future drought events are estimated 
